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This paper walks through the tactical asset allocation literature and focuses
especially on the implementation of Black-litterman model on global equity index
portfolio. We found that Black-litterman is superior to traditional mean-variance
allocation model in terms of Sharpe ratio and avoiding corner points, even though
our forecasting model is quite simple and forecasting power is low. Besides, we
extended Black-litterman model in a way that one can put the business cycle views
into the market equilibrium model. We found that the added business cycle infor-
mation greatly enhanced the performance of the portfolio in the out of sample test.
Also we proposed an equity forecasting model based on the 6 month P/B Moving
Average and found that it is not worse than the interest rate surprise model when
it is applied to the SPX 500 index in the out of sample test.
In addition, in our sensitivity analysis, we found that the tricky parameter τ is
best calibrated as 1/λ ∗m. As τ grows larger than 5, the Black-litterman model
becomes dramatic in a way that the sharp ratio is exceptionally good while there
are many corner points in the allocated weights. Among others, the variance of
vii
investors views did not affect much of out of sample performance once τ and λ are
fixed. Finally, the use of daily decayed data for estimating covariance matrix had
much larger impact on the traditional Mean-Variance model than on the Black-
litterman model, which is another evidence that Black-litterman has superiorities
over Mean-Variance model in terms of parameter robustness.
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Chapter 1
Introduction
1.1 Asset allocation Overview
Global asset allocation has been a heated topic in the past decade when emerg-
ing markets showed a well diversified choice and many other alternative assets
surfaced. It is necessary to take a look at what constitutes an “asset” before we
start our journey in searching for asset allocation. If we talk about of asset in
a general term, then all the investment world is about asset allocation. Every-
one’ s wealth is presented in certain assets all through their lives. To manage this
kind of asset classes, it involves more about reckoning various future cash flow
constrains for different individuals. However, when it comes to financial assets in-
vestment,traditional asset classes, like bonds, stocks and currency, or some recent
alternative asset classes such as hedge funds, fund of fund, REITS, private equity
still enjoy much attentions and the question of asset allocation remains challenging
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in practical applications.
In terms of asset allocation horizon, there are usually four kinds of asset allo-
cation styles. The first layer is the Benchmark asset allocation, where you follow
the broad market portfolio and construct your portfolio according to the market
weight. For example, if you want to invest in global equity market, Morgan Stanley
Capital International (MCSI) world index can be served as your benchmark. In
the long run, you would expect to achieve market equilibrium return for global
equity markets. The second layer is strategic asset allocation where the investment
horizon will be at least 5 years or more. Usually this kind of asset allocation is
based on macroeconomic and fundamental analysis about certain kinds of assets.
For example, based on the recent striking economic developments in China and In-
dia, one may think that in the following 5 -10 years, the weight of Chinese equities
would take a growing part in the global market portfolio. Therefore they would
consider strategic asset allocation in their global portfolio by giving more weight
in Chinese Equities. The third layer is tactical asset allocation, in which investors
pursue short term opportunities such as an investment horizon of one month to
several months. Investors usually rely on microeconomic information and some
technical analysis to adjust their portfolio weights. Finally, there are some investor
engaged in the so-called high frequency tactical asset allocation. Those investors
trade on a daily basis using quantitative models.
This paper would focus on tactical asset allocation on the traditional asset class,
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the global equity index for convenience reason. Thus the targeted investment hori-
zon may be just several months or 1-2 years.
1.2 literature review on tactical asset allocation
The literature review of tactical asset allocation could start from the milestone
in the era– Markowitz (1959) mean variance efficient frontiers, which offers the
framework of maximizing returns given certain risk constrains. However, in prac-
tice it has been criticized for its too unrealistic assumptions about asset returns,
high concentrated portfolios, input sensitivity and estimation errors. Therefore,
many efforts in different endeavors have appeared trying to solve these problems.
For example, in terms of estimation errors, Kan and Zhou (2007) derived the ex-
pected loss function using sample mean and sample covariance matrix and showed
that the presence of estimation risk completely altered the theoretic recommen-
dation of a two fund portfolio and Bayesian decision rule could mitigate this es-
timation problem in their out of sample test. Bai, Liu and Wong (2009) proved
that when the number of assets become large, the simple plugged sample mean
and sample covariance matrix would constantly produce a higher return than the
theoretic one and they further offer bootstrap error correction technique to reduce
this estimation error. In addition, Black, Fischer, and Robert Litterman (1991)
introduced a new intuitive asset allocation model which combines the investors’
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subjective views and market equilibrium returns in determining the expected port-
folio returns. It is a break-through in tactical asset allocation since we can blend
the quantified subjective views in the asset allocation process. It is also said that
Black-Litterman model mitigates the problem of estimation error by spreading the
errors throughout the vector of expected returns according to Lee(2000).
However,Black-Litterman model is far from perfection. In the first place, the
assumptions regarding normal distribution of asset returns and investors’ views
are not always true. In fact, equity returns especially from emerging markets dis-
play much fat tails, skewness and high dependence. Also investors may sometimes
express views in a range which has equal chance of happening. In such a case, a uni-
form distribution of subjective view may be more appropriate. To this end, Attilio
Meucci (2006) extended Black-Litterman model by proposing “Copula-Opinion-
Pooling” methodology. It used skewed multi-variant t distribution as prior asset
distribution and combined it with any kind of subjective view distributions. Rosella
and Marida (2007) extended Black-Litterman model by using α-stable distribution
together with CVAR as risk measure to analyze asset allocation problem in top 50
stocks in SPX500. Their out of sample test showed that α-stable distribution and
variance as risk measure yield the best forecast.
In the second place, the time series nature of asset returns are frequently ob-
served in reality where the assumption of independent samples would be violated.
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To this end, some scholars extent black-litterman model in a time varying volatility
GARCH model. For example, Quaderni (2006) implemented multi-variate GARCH
model in the tracking error constraint asset allocation problems.
1.3 Aim and Motivation of this paper
It should be noticed that although the idea of putting subjective views in the
tactical asset allocation is quite thought-provoking on practical concerns, it turns
out quite challenging in assessing the goodness of such a model. The point here is
that such an asset allocation model depends on both a good asset return forecasting
model and a good allocation model. A bad subjective view may result in a worse
portfolio performance and a good subjective view may not reach an optimal result
because of the way you allocate them. Besides, it proves to be challenging to have
a sophisticated asset forecasting model because of the stochastic nature of some
asset returns and market abnormalities. This may partially explain the relative few
academic works in assessing black-litterman and many doubts among practitioners
in implementing this technique.
Given these reasons mentioned above, this paper has two tasks. The first one
is to contribute to tactical asset allocation literature by evaluating Black-litterman
model in a relative long out of sample. The other task is to study the stock equity
forecasting model combining technical and fundamental information, especially the
interaction with a tactical asset allocation model.
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1.4 Main Results of the Thesis
This paper develops an automatic forecasting model based on the 6 month
P/B moving average for four major world stock indexes, then we compare black-
litterman asset allocation model with traditional mean variance asset allocation
model in a 24 months out of sample test. From another perspective, we imple-
ment another equity forecasting model based on the regression on interest rate
surprises. We found that Black-litterman is superior to traditional mean-variance
allocation model in terms of Sharpe ratio and avoiding corner points, even though
our forecasting model is quite simple and forecasting power is low. We found that
the simple P/B moving average model is not worse than the Interest-Rate-Surprise
model when it is applied to the SPX 500 index in the out of sample test. Besides,
we extend Black-litterman model in a way that one can put the business cycle
views into the market equilibrium model. We found that the added business cycle
information greatly enhanced the performance of the portfolio in the out of sample
test, especially when the forecasting power on the asset returns is not very strong
(with a R-square less than 10 percent for example). In addition, in our sensitivity
analysis, we found that the tricky parameter τ is best calibrated as 1/λ ∗m. As
τ grows larger than 5, the Black-litterman model becomes dramatic in a way that
the Sharpe ratio is exceptionally good while there exist many corner points in the
allocated weights. Among others, the variance of investors views does not affect
much of out of sample performance once τ and λ are fixed. Finally, the use of
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daily decayed data for estimating covariance matrix has much larger impact on
the traditional Mean-Variance model than on the Black-litterman model, which is
another evidence that Black-litterman has superiorities over Mean-Variance model
in terms of parameter robustness.
1.5 Organization of the Thesis
The frame of this thesis will be set as following: In Chapter one, you have seen
some backgrounds of tactical asset allocation, motivation and main results of this
paper. Chapter two will provide more detailed literatures on Black-litterman model
and its mechanism, the major parameters and calibration issues. In Chapter three,
we will describe more about our sample data and the evaluation method for the
performance comparisons. Chapter four will focus on discussing equity forecasting
models, where we will study the business cycle forecasting, our “6 month P/B
moving average” model and interest rate surprises models. In Chapter five, we
conduct the sensitivity analysis of all the major parameters in Black-litterman
model. Finally, we will summarize the implications of the results obtained from
Chapter 3-5 and suggest some directions for future researches.
CHAPTER 2. BLACK-LITTERMAN MODEL 8
Chapter 2
Black-litterman model
2.1 More Background Information
Black-litterman asset allocation model was first mentioned in Goldman Sachs
Fixed Income Research report– “Asset Allocation: Combining Investor Views With
Market Equilibrium” in Oct,1990. Later on in another paper– “Global Asset Al-
location with Equities, Bonds and Currencies” in (1991), they elaborated the tac-
tical asset allocation imbedded with investor’s subjective views in a global scope
including equities, bonds and currencies. The model started with the idea of asset
demand and supply and proposes the concept of market equilibrium return as the
long term expected returns for equity and bond, where the demand for equity by
international investors equals to the supply of this equity from that country. In
the market equilibrium scenario, every investor would hold a portion of assets cor-
responding to the market capitalization of that asset. This assumption is similar
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with CAPM model. The model first discussed two countries case, then generalized
it to many countries. In their original model, currency is for hedging only, so the
demand for foreign currency depends on the demand for foreign equities and bonds.
Nowadays currency is more like an independent asset class and commands a large
measure of cash flows indeed.
Following this, Stephen Satchell and Alan Scowcroft (2000) gave more detailed
explanations in their paper– “A Demystification of the Black-Litterman Model:
Managing Quantitative and Traditional Portfolio Construction”. They derived
Black-Litterman model using bayesian method and extended certain parameter as-
sumptions to arrive at a posterior multivariate t distribution. Later on, Thomas
M. Idzorek (2004) described “a Step by Step Guide to Black-litterman model” and
proposed a method of incorporating a user specified confidence level. This paper




1. Expected asset returns (an unobservable variable ) are normally distributed
random variables with market equilibrium returns as its mean and its variance is
proportional to original covariance matrix. As denoted by mathematic formula, it
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looks like this:
ERLT −N(Π, τΣ)
Here Π is a n by 1 vector and τ is a scaler, usually very small. The intuition is
that the mean vector should be less volatile than the original asset returns. Σ is n
by n covariance matrix.
2.The investor’s view is also normally distributed with the subjective view re-
turn as the mean and its variance is proportional to investor’s confidence in this
view.
ERview −N(Q,Ω)
Here, Q is n by 1 vector, Ω is a n by n diagonal covariance matrix showing the
confidence is the subjective views.
With this major assumptions, using Bayesian inference, we can derive the new
expected return as a combination of market equilibrium return and investor’s sub-
jective view returns. It is very easy to derive this model by simply solving a linear
optimization with constrains. Interested reader can refer to Stephen and Alan














• E[R] is the new combined return vector
• τ is a adjusted parameter
• Σ is the covariance matrix of excess returns
• P is a matrix that identifies the assets involved in the views
• Ω is a diagonal covariance matrix of error terms from the expressed views
representing the uncertainty in each view
• Π is the implied equilibrium return
• Q is the view vector
Once you have the new expected return together with the covariance matrix,
you can follow the traditional mean variance optimization procedurals and achieve
your optimal portfolio weight.
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2.2.2 Model calibration
Market Equilibrium Return–Π
The equilibrium returns are derived using a reverse optimization method in
which the vector of implied excess equilibrium returns is extracted from known
information using the following formula.
Π = λΣw
where
• Π is the implied market excess equilibrium return
• λ is the risk aversion coefficient
• Σ is the covariance matrix of the excess returns
• w is the market capitalization weight of assets (or a strategic market portfolio)
Risk aversion coefficient–λ
In the Black-litterman’s book,“Modern Investment Management– An Equilib-
rium Approach”, the author gave the estimation of the risk aversion coefficient as
3.22 using global portfolio consisting of Equity, Bond and Currency hedging from
1980 to 2002. Since we are dealing with the Equity Portfolio, we use MSCI the
world index as the market portfolio and use 3 month treasure bill second market
discount rate as proxy of risk free rate. With all of these parameters configured, we
arrive at an estimated risk aversion coefficient of 1.9 for MSCI equity portfolio from
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Jan,1970 to Dec,2007. Thomas M. Idzorek (2004) suggested a way of calibrating
λ by dividing expected excess return by portfolio variance. So, varying expected
excess return from 0.04 to 0.2, therefore, we will see how λ and hence market equi-
librium return affects our out-of-sample result in the Sensitivity Analysis part.
Covariance Matrix–Σ
This is a very tricky parameter to calibrate in reality. Many papers have been
developed solely to deal with this problem. For example, Black and Litterman
(1998) discussed various issues in estimating covariance matrix, such as time vary-
ing nature of the correlation and volatility. It is well documented that global equity
returns tend to have higher correlation in times of market crisis. They discussed
the best sampling frequency and decay rate for the historical data to achieve a
good estimation of covariance matrix. We will discuss the comparisons between
different results in the following chapters.
Investors’ Subjective Views
This is the interesting and value-added portion of Black-Litterman model. In-
vestors can express absolute views and relative views on certain assets. However
the limitation here is that one can only express linear views on the asset returns.
They cannot give nonlinear views or express views on other important factors like
volatility directly. This shortcomings was overcome in Attilio Meucci (2006) using
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COP model.
Relative Vs Absolute views
If you want to express a relative view such as: one asset return will outperform
another one by 2 percent in the following month in a two asset allocation scenario,
then your view matrix Q will be a vector like (0.02, 0)′ and transformational matrix
P will be like (1,−1; 0, 0). However in our analysis later on, we will mainly focus
on absolute views. On one hand, our forecasting model produces mostly absolute
views on the assets. On the other hand, the information that contains in relative
views could be easily transformed in the absolute views.
Quantify Confidence Level
How to quantify the confidence level in the subjective views is another tricky
question in Black-litterman model. This is the same question as for how to specify
diagonal matrix Ω. In the original paper, the authors calibrated the Ω by making
assumptions about τ such that Ω/τ = PΣP T while they did not mention much as
for how to estimate τ . All they were sure is “the scaler should be close to zero, since
one would expect the Equilibrium Returns to be less volatile than the historical
returns”. Lee,W (2000) thought τ should be between 0.01 to 0.05. Blamont and
Firoozye (2003) suggested that the scaler should be approximately 1 divided by
the number of observations.
Thomas M.Idzorek (2004) proposed an intuitive procedural for calculating Σ
by implementing the user specified confidence level in asset allocation. However, it
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is not so easy to implement in out of sample test.
A good explanation of parameter τ is given by Stephen Satchell (2000), who
relaxes the assumption of a fixed value for τ and shows that 1/τ follows gamma
distribution with expected value of m ∗ λ, where m is the sample size and λ is
risk aversion coefficient. In our sensitivity analysis, we confirmed the results from
Stephen Satchell (2000) by showing that portfolio is best achieved when this rela-
tionship between τ and λ holds and τ is less than 1. Generally speaking, τ indicates
the distance between equilibrium return and subjective return, and it reveals the
overall degree of confidence in the subjective views.
2.2.3 Optimization
After we obtain the Black-Litterman expected return according to formulae 1
and Black-Litterman expected covariance according to formulae 2, we could apply
the normal mean variance optimization procedure. In our case, we use the built-
in function–“frontcon”– in Matlab to find the optimal portfolio. The important
parameters for this function are “NumPorts”, which mean the number of the port-
folios this algorithm will search along the efficient frontiers, and “AssetBounds”,
which are the constraints for asset weights. In our out of sample test, we choose
“NumPorts” as 30 and “AssetBounds” as [-0.2, 0.8].
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Chapter 3
Data Description and Evaluation
Method
3.1 Data Description
Theoretically speaking, Black-litterman could be used in all kinds of asset
classes allocation as long as you could find a market equilibrium portfolio and
relevant market cap. Thus you could include assets like hedge fund, RIETS, funds
of fund and so on. In this paper, we will focus on four commonly used equity index
as our pool of asset classes. The reasons for this selection are as follows:
Firstly, in the original paper, the author included a global market portfolio
which includes bonds and currency hedging, so it would be more meaningful to
explore the implementation of this model in other portfolios such as global equity
portfolio.
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Secondly, market information about equity portfolio is easily accessible, com-
prehensive and well studied. It is more informative for us to form an automatic
forecasting view of future equity returns.
Thirdly, we choose four global equity indexes rather than individual stocks or
sectors because we try to reduce the number of assets in our portfolio so as to
reduce “allocation bias” as pointed in Bai, Liu and Wong (2009). Of course, one
can try just several stocks in a equity portfolio, but by doing that, the needs for
more micro-information become more necessary, which may pose some difficulties
in our test.
The criteria for selecting representative equity indexes are based on the follow-
ing:
1. They should include at least one American index, one European index and
one Asian index to be more geographically global.
2. They should represent the majority part of global portfolio in terms of mar-
ket cap.
3. They should have complete historical data for price-to-book ratio and some
macro information in Bloomberg dated from 2001.
After these criteria, we finalized four indexes: SPX 500, UK FTSE-100, Hongkong
HSI and Canada SPSTX. We used monthly return data from 1995-2007 downloaded
from Yahoo finance as our total sample period and left the last 24 months for out-
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of-sample test. The reason for choosing monthly return data is because we are
targeting median term asset allocation and there is no need to make too frequent
adjustments on portfolio weights.
We have two more rules as for the calibration. Firstly, we use simple return
rather than log return because the later cannot aggregate the whole portfolio re-
turn, which is suggested in Attilio Meucci (2005). Secondly, we use conditional
parameter estimation methods rather than unconditional one. Edward Qian and
Stephen Gorman (2001) studied Black-litterman model by proposing a new way of
obtaining the conditional mean vector and conditional covariance matrix.
3.2 Portfolio Performance Evaluation
Given a new asset allocation model, a major question followed is how to evaluate
its performance. There are many articles in the literature trying to addess this
evaluation problem. For example, we have simple evaluating rule such as Sharpe
Ratio and more complex one, like stochastic dominance. For using Sharpe ratio,
John Douglas (2007) gave a good examination of asymptotic distribution of Sharpe
Ratio and how to compare different portfolio performances using it.
In this paper, we choose the average of Sharpe Ratio as the gauge for comparing
portfolio performances.
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Chapter 4
Equity index forecasting model
What drives equity returns has been a heated topic along the history of invest-
ment world. From Sharpe,W.F(1964) CAPM model to Fama and French (1992)
three factor forecasting factors and till now more factors (size,value,momentum, liq-
uidity and etc) have been found to explain the equity risk premium. Among these
literatures, attentions have been focused on the time-varying and cross-sectional
equity risk return relationship for an individual stock. However, in our case, we
are aiming at forecasting the monthly stock index returns, so we cannot use the
company specific characteristic factors. Instead, we need to think of some macro-
economic or country-wise factors that have forecasting power over the index returns.
Of course, regression relationship is the first natural forecasting tool we may have in
mind. According to Kandel and Stambaugh (1996), asset allocation can be largely
altered as a result of the predictions even with low precision (an R-square of only
2 percent). Therefore, we examined the regression relationship between financial
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ratios (price to book ratio, price to earning ratio) of the indexes and the following
monthly returns, though our regression results indicated extremely low forecasting
power (less than 1 percent). Due to this, we developed a technical forecasting
model based on the 6 month P/B Moving Average rather than the regression fore-
casting and then interacted this model with other macroeconomic information.
Since the nature of black-litterman model is mostly to cater the tactical asset
allocation with an investment horizon of several months to several years, our fore-
casting model also focuses on similar range.
4.1 Business Cycle Forecasting
There are many papers unveiling the predictions of business cycle. Magnus and
Campbell (1988) established the relationship between treasure yields and future
economic activity. It is found that economic recession would normally appear
within one year after “3 month to 5 year treasure yield reversion”. It can be
shown in Figure [1] that since 1962, all the recessions (or economic slowdown) have
happened within one year after the yield curve reversion.
While stock returns normally trough 3 to 9 months ahead of real economy bot-
toms, we cannot hereby claim that stock returns will decline following the “Yield
Curve Reversion”. A quick glance at the performance of equity and “Yield Curve
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Figure 4.1: Treasure Yield Reversion and GDP growth
Reversion” would explain this point. Of course, this could be an interesting topic
for our future research. However, to find a predictor of business cycle here for our
purpose, “Yield Curve Reversion” is good enough. We will show in the sensitivity
analysis section that how this new information could improve the Sharpe ratios of
our equity portfolio.
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4.2 Fundamental Analysis
4.2.1 Price-to-Book and Price-to-Earnings
Price-to-Book and Price-to-Earnings are very important ratios in industries and
academic areas. They prove to be important factors in determining the cross sec-
tional return of equities. For example, high P/B ratio associates with low average
returns for different portfolios, yet for time-varying asset return forecasting, they
show very litter forecasting power.
In their paper, Vivek Malhotra (2006) gave an interesting investigation of Price-
Earnings Ratio in determining the equity index returns. They used monthly data
from 1980-2000 to study the P/E ratio, index value and monthly yield on four
equity indexes, namely, SPX 500, MSCI World, MSCI Europe, and EAFE. They
affirmed that subsequent prices will increase will decline in response to an increase
in the P/E ratio, but when they adjust for auto-correlation and heteroscedastic-
ity,they find that P/E ratios do not Granger-cause equity price in their Vector-Auto
Regression Model. Trevino and Robertson (2002) and Fisher and Statman (2000)
found that P/E ratio is a better predictor in the long run stock return (more than
3 to 5 years)than in the short term.
In this paper, we did a similar examination of the relationship between Price
to Book ratio and subsequent stock returns. We used Vector-Auto Regression
model to account for auto-correction and heteroscedasticity, yet we found similar
results as Vivek Malhtra (2006). The very low forecasting power of P/E and P/B
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in predicting subsequent stock returns forced us to search for other fundamental
indicators which have larger forecasting power. “Interest Rate Surprise” emerged
to be a very interesting and qualified candidate to this end, however before moving
to that section, we need to introduce our technical forecasting basis for our out of
sample test.
4.2.2 6 Month P/B Moving Average Model
Technical analysis has been widely implemented by market practitioners in
short and median term forecasting. In this paper, we used a very popular and
simple technical indicator–“6 month Moving Average” , but we are not going to
use 6 month Moving Average directly on the price level. Instead, we use “6 month
P/B Moving Average”. The reason here is that P/B ratio which represents the
leverage of a company exhibits more mean reversion than simple price level. It
is widely referred among practitioners as for comparisons of valuation level. Our
simple technical forecasting model looks like this:
Y ieldforecastedt = 1/2 ∗ ((6mP/BMAt)− (P/Bt))/(P/Bt)
The variance of the view could be naturally calibrated by using the variance of
forecasted error of this algorithm. We used historical data from 1995 to 2005 to test
the forecasting power of this trading rule. We are aware of the fact that the fore-
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casting errors do not follow normal distribution. However, a normal approximation
serves well our purpose here. As we will show later in the sensitivity analysis, a
robust test of the view variance yields satisfactory result. See the following figure
for the forecasting error distribution.
4.2.3 Interest Rate Surprise
“Interest Rate Surprise” mainly refers to the bench mark rate changes surprise.
It should be easily comprehended that interest rate changes may have an important
role in subsequent stock returns. According to the basic stock valuation models,
the intrinsic value of the stock should be the expected future cash flow or earnings
of a company discounted at a required rate of return, so any changes in the bench
mark rate will affect the required rate of return directly and hence the intrinsic
value of the stock. Every time when Fed reserve or central banks declare a change
in the bench mark rate, some part of the these changes may have been expected
by the market already, however it is the “unexpected” part of interest rate changes
that show significant negative correlation with subsequent stock return. Let us
take a look at what other scholars have found in this area.
One of the most important papers in the literature is given by Ben Bernake
and Kenneth (2005). In their paper, “What explains the stock market’s reaction
to federal reserve policy?”, they conducted a thorough investigation as for how fed
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Figure 4.2: Forecasting Error distribution
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fund rate changes affected subsequent stock returns. They found that there is a
significant and negative correlation between unexpected fed fund rate changes and
following daily CRSP value-weighted index return. To be specific, an unexpected
0.25 percent fed rate cut will lead to an increase in stock prices on the order of
1 percent while expected part of Fed rate changes does not have any significant
relationship with equity returns. They also found similar results using monthly
SPX 500 index return. For using monthly return, the definition of “Unexpected
Interest Rate Changes” is given by deducting from monthly average Federal funds
rate the one-month future contract on the last date of the previous month. The
“Expected Interest Rate Changes” is simply the difference between the actual “fed
rate change” and “Unexpected Interest Rate Changes”. With sample monthly data
from May 1989 to Dec 2002, they arrived in the conclusion that 1 percent “Fed
Rate Surprise” would produce 11.4 percent changes in the index returns in the
opposite direction. The 6-7 percent R-square of the regression suits well for our
automatic forecasting model.
Following this literature, Yuzo Honda and Yoshihiro Kuroki (2006) extended
the study to Japanese market. Using a new proxy variable for monetary policy
shocks, they found that 1 percent target rate cut in Japan would lead to 3 percent
increase in stock prices.
Martin T Bohl, Pierre L Siklos, David Sondermann (2008) in their paper “Eu-
ropean Stock Markets and the ECB’s Monetary Policy Surprises” find a negative
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and significant relation between unexpected European Central Bank decisions and
European stock market performance. Moreover, they found that “monetary policy
decisions of the European Central Bank are well anticipated by the market, imply-
ing that the central bank successfully communicates its monetary policy.”
Further researches could be done for other markets like Hong Kong, provided
that the data for historical bench mark rates and interest rate futures are available.
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Chapter 5
Sensitivity Analysis
In this section, we will conduct a sensitivity analysis on all the major parameters
in Black-litterman model.
5.1 Market Equilibrium Return
5.1.1 Risk Aversion Coefficient–λ
We compare the results of our portfolio performance by changing the value
of Risk Aversion Coefficient from 1.264 to 10, which corresponds with expected
excess return of roughly 2.6 percent to 16 percent. Table[5.1] below summarizes
the result.
In the left side of the table, we choose expected value of τ which equals
1/(130 ∗ λ) as suggested by Stephen Satchell (2000) and input these values of τ
into the model. The result shows that changing risk aversion λ does not affect the
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Table 5.1: Sensitivity Analysis-Risk Aversion Coefficient–“Lambda”
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Figure 5.1: Sensitivity Analysis–“Lambda”
average Sharpe ratio much, as long as we keep τ in small value range (less than 0.05)
and keep the fixed corresponding relationship between τ and λ (i.e:m ∗ λ = 1/τ).
However, if we fix λ = 3.8 and vary τ from 0.001 to 10 for example, we will see
dramatic changes of the results as shown in Figure[5.1].
Also Table[5.2] gives a comparison between the allocation weight for different
τ while fixing λ at 3.8 and all other parameters the same.
We can see two observations from the figure and table above. Firstly, as τ
becomes bigger, for example larger than 5, the subjective views are becoming very
uncertain and the result depends more on the equilibrium returns. You can see
that the optimal weights in this case are centered mainly in the natural boundaries,
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Table 5.2: Sensitivity Analysis–“Tau” and allocated weights
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although the final average Sharpe Ratio becomes very high. Secondly, for the range
of τ less than 0.05, we find the optimal result reaches when τ equals the expected
value–0.002.
5.1.2 Market Equilibrium Weight–w
According to the original idea of Black-litterman, w should be the market equi-
librium weight, so a natural way of calibrating it is to use the average weight of
a relatively long historical market weight for these four indexes. To this end, we
use the average market cap from 2000-2005 converted in US Dollar using current
exchange rate. Yet, a further examination of the historical market cap yields a
time-varying market cap among our sample period. For example, the weight for
US SPX 500 in our sample changed from 80 percent in 2000 to 70 percent in 2007.
Due to the limitations of short period of historical market cap data and short pe-
riod of out-of-sample test, it would be wise for us to use a market cap that is more
representative of business cycle. In other words, if our starting “market equilib-
rium weight” contains the information of expectation of near-term country risks,
our posterior Black-litterman return would be more informative in reflecting the
real return. This is an extension of the original Black-litterman model. Intuitively
speaking, a more informative “equilibrium return” would yield a better expected
return and hence a better asset allocation result.
Our assumption here is that in the booming market, more weight should be
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given to high risk countries while in the bear market, either you follow the market
equilibrium weight or reduce the weight on high risk countries. To detect a boom-
ing market, we need to refer to our business cycle forecasting model. We define
a period before 4 to 5 consecutive yield reversion as a booming period while the
following 1-2 years as market correction or bearish period. As a reference point, we
choose the weight of SPX 500, FTSE 100, HSI and SPSTE as 0.4,0.15,0.3 and 0.15
respectively for the out of sample period from Jan,2006 to Jan,2007 and then use
the average historical market weight for the out of sample period from Feb,2007 to
Dec,2007. Table[5.3] presents the results of the out of sample test and correspond-
ing allocated weight. It can be seen that the combined business cycle view
largely improves the Sharpe ratio of the out of sample portfolio. To justify the
choice of the new market equilibrium weight, we also test other possible weights
that have a low weight for SPX 500 and a higher weight for HSI, they yield similar
results.
5.1.3 Covariance Matrix–Ω
As suggested By Black-litterman (2003), we use a weighted daily observations
to calculate the covariance matrix of these four indexes. The decay rate is chosen
so as to keep the half life of the observational data. Our result shows that the
daily observations improve the out-of-sample portfolio returns and Sharpe ratios
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Table 5.3: Sensitivity Analysis–Market Equilibrium Weight
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for traditional mean-variance model while they do not affect much the performance
of Black-Litterman Model. This result reveals that the adding of subjective views in
Black-Litterman enhanced the robustness of the model. Also, we observe that the
allocated weights in traditional Mean-Variance model have much less corner points
when using daily decayed data to estimate the covariance than using monthly data.
5.2 Subjective View Return–Q and View Return
Variance–Ω
Now let us move on to the second layer to analyze how different forecasting
models could affect the out of sample results. Firstly, let us take a look at the
covariance of investor’s views, which represents the confidence of that view. We
want to examine the effect of overconfidence and under-confidence on our results.
Without loss of generality, we will work on the SPX 500 index first. We will work
on four scenarios:1/4*Var,1/2*Var, Var,2*Var,and 4* Var, where we substitute the
original variance of the view on SPX 500 by different multiples of it. The results are
shown in table[5.5]. Besides, we substitute our forecasting on SPX 500 index
return with interest rate surprise model while keeping other forecastings still the
same. The results are also shown in Table[5.5]. It can be seen that the change in
investors’ views from 6 month P/B moving average model to interest rate surprise
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Table 5.5: Sensitivity Analysis–Effect of Investors’ View
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model on SPX500 does not alter much of the portfolio results. We notice that
the forecasting power of “interest rate surprise” model is quite low (R-square of
around 7 percent) and also the rough and intuitive forecasting of the P/B moving
average model. So one could get an intuitive idea of the forecasting power between
these two models on SPX 500 index. In addition, the changes in the variance of
the investors’ views do not impact much of the portfolio performance.
In table [5.6], we also examine the out of sample weight under different variance
of subjective views on SPX 500 based on 6 month P/B moving average model. It
can be seen that with the variance of the view on SPX decreasing, the weight on it
increases. For example, when we use 1/4*Var for SPX 500 view, we observe more
maximum weight (0.8) on it.
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Table 5.6: Sensitivity Analysis–Effect of confidence of investors’ view
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Chapter 6
Conclusion and Further Research
6.1 Conclusion
This paper walks through the tactical asset allocation literature and focuses
especially on the implementation of Black-litterman model on global equity index
portfolio. We are aiming to examine how the tactical asset allocation embed-
ded with subjective views could improve the performance of the model compared
with the traditional one. We should say that the Beyesian based tactical asset
allocation models (including many following extensions of Black-litterman such as
“Copula-opinion pooling”) provides a very agile framework for optimizing investors’
subjective views and asset allocation. It would be more useful in high frequency
trading where one has quantitative models and loss function, which we will leave
as further researches. In this paper, we found that Black-litterman is superior to
traditional mean-variance allocation model in terms of Sharpe ratio and avoiding
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corner points, even though our forecasting model is quite simple and forecasting
power is low. Besides, we extended Black-litterman model in a way that one can
put the business cycle views into the market equilibrium model. We found that the
added business cycle information greatly enhanced the performance of the portfolio
in the out of sample test, especially when the forecasting power on the asset returns
is not very strong (with a R-square less than 10 percent for example).
We proposed an equity forecasting model based on the 6 month P/B Moving
Average because we could not find significant regression relationship between P/B
ratio and subsequent equity index return while the mean-reversion characteristics
still exist. Also we implemented the interest rate surprise model on SPX and found
that 6 month P/B moving average is not worse than the interest rate surprise model
when it is applied to the SPX 500 index in the out of sample test.
In addition, in our sensitivity analysis, we found that the tricky parameter τ is
best calibrated as 1/λ ∗m. As τ grows larger than 5, the Black-litterman model
becomes dramatic in a way that the Sharpe ratio is exceptionally good while there
appears many corner points in the allocated weights. Among others, the variance
of investors views does not affect much of out of sample performance once τ and λ
are fixed. Finally, the use of daily decayed data for estimating covariance matrix
has much larger impact on the traditional Mean-Variance model than on the Black-
litterman model, which is another evidence that Black-litterman has superiorities
over Mean-Variance model in terms of parameter robustness.
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6.2 Further Research
Following the line of this paper, we believe that further researches could be
done to test the “Copula-opinion pooling” suggested in Attilio Meucci (2006) to
deal with the non-normality of asset returns and investor’s views. In this case, one
could consider using weekly equity return data instead of monthly return ones and
use some similar Moving Average model. Also they could use the loss function or
value at risk as their target optimizing function. In addition, more works should
be done to add more fundamental forecasting factors such as earnings surprises
and interest surprises for all of the equity indexes, then one could compare two
complete forecasting models on all the equity returns. In another direction, we can
consider extending these analysis to account for time series nature of asset returns.
Apart from asset allocation area, we think it would be interesting to carry on the
Equity Index Forecasting literature. Firstly, we could go further to explore other
indicators of business cycle and the relationship between these indicators and stock
return. Given the financial crisis we have seen this time, asset allocations have been
rendered helpless, hence it would be beneficial to reflect on the target function to
assess systematic risks. Secondly, we are interested to see the forecasting power of
other macroeconomic factors than “Interest Rate Surprise”, such as unemployment
rate, Consumer Price Index and so on.
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